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Abstract: Addressing the lateral path tracking control issue of autonomous vehicles during data dropout, an improved model-free

adaptive control system with data compensation (DC-EMFAC) is introduced. First, the method introduces a dynamic lineariza-

tion technique with a time-varying factor pseudo gradient (PG) to linearize the dynamic process of an autonomous vehicle, and

then designs a model-free adaptive controller. Moreover, addressing the issue of data dropout in the actual system, this paper

employs an estimation algorithm to estimate the data loss at the present time based on the system’ s input and output (I/0) from

the past and PG. The advantage of the DC-EMFAC is that the controller design process is based on the 170 data of the con-

trolled object, without the need for an accurate mathematical model. The effectiveness of the proposed algorithm is verified

through a series of simulations on the Panosim platform.
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1 Introduction

Recently, with the development of control field, it
has provided a solid theoretical basis for the field of self-
driving technology. Therefore, intelligent control for au-
tomobiles has become one of the hottest control research
issues. However, in the actual road, the driving path of
the autonomous vehicle is complex and changeable,
which makes it necessary for the autonomous vehicle to
track the vehicle in front to ensure its own travel safety
under certain special circumstances, which has new re-
quirements for the lateral path tracking of the autonomous
vehicle, especially considering the existence of data loss
in the actual situation.

At present, many data dropout with compensation
controllers have been designed. On the problem that Ber-
noulli random variable modeling has random data loss in
iterative learning control, two schemes to deal with ran-
dom data loss are proposed''’. For uncertain Takagi-Sug-
eno fuzzy system, based on Lyapunov function method,
the controller is improved by introducing FMF function to

]

compensate for data dropout'?’. The H-infinity control

problem on networks with data loss, and the non-convex
feasible problem is solved by CCL method"*.

However, the abovementioned control algorithms are
based on accurate models. Because the process of estab-
lishing an accurate model is very complex in practical ap-
plication, the simplified model is not comprehensive e-
nough to describe controlled object. Meanwhile, the
MFAC algorithm complete the design of the controller on-
ly rely on the 1/0 data of the controlled object without
establish accurate mathematical model. MFAC has been
used in many engineering cases. A controller design
based on DuSP-MFAC is proposed to the lateral tracking
of autonomous vehicle'*'. A model-free adaptive data
dropout control algorithm based on dynamic linearization
of compact form is proposed”’. A ¢cCMFAILC control al-
gorithm is proposed and applied to the cooperative control
of multiple metro trains under data dropout"®’.

Aiming at the problem of data dropout in autono-
mous vehicle’ s lateral path tracking. The main contribu-
tions are as follows:

(1) The DC-EMFAC algorithm is designed for the
lateral control problem of autonomous vehicle in the case
of data dropout. Firstly, the autonomous vehicle system
is dynamically linearized, and a time-varying pseudo gra-
dient (PG) vector is used to make the algorithm adap-

tive. A data compensation algorithm is adopted when da-
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ta is lost, then the compensated data is used to control
the controlled object to achieve the desired goal. The ad-
vantage of the proposed algorithm is that not only does
the controller utilize the 1/0 data of the controlled ob-
ject, but also it can handle control problem in the event
of data dropout.

(2) A series of simulations were carried out by using
Panosim platform and MATLAB 2018b, and the tracking
performance of DC-EMFAC and MFAC with partial form
dynamic linearization ( PFDL-MFAC) are compared un-
der the condition of data dropout. It can be verified that
the DC-EMFAC method used has excellent control effect
in the lateral control of the autonomous vehicle.

The structure of this paper is as follows: In the sec-
ond chapter, through analysis the lateral dynamics of the
autonomous vehicle, the preview-deviation-yaw ( PDY )
of the control target is defined. Moreover, DC-EMFAC
algorithm is proposed and applied to address the issue of
the lateral path tracking control of autonomous vehicle
under data dropout. In the third chapter, a series of sim-
ulations are carried out in Panosim to verify the feasibili-
ty of DC-EMFAC algorithm. The last chapter summarizes
the key findings of this study and explores its potential

future applications and implications.

2 Design of lateral tracking controller for autono-

mous vehicle

2.1 Dynamics analysis of autonomous vehicle

The path tracking of autonomous vehicle has been a
relatively complex control problem. In order to analyze
the autonomous vehicle more clearly, establishing its dy-
namic model is a relatively simple and easy way to imple-
ment in engineeringm.

The lateral path tracking problem of autonomous ve-
hicle with data loss is studied in depth by dynamic model
of autonomous vehicle. The controlled object can be ab-
stracted as a SISO system. Based on the research objec-
tives and problems solved, the tracked vehicle in front is
defined as the Look-ahead point, and the preview dis-
tance is defined as the length of the line between the
point on the target path of the tracked vehicle with the

smallest length from the current position and the Look-a-
4,8]

head point'™*'. The process is shown in Figure 1.

In Figure 1, & is the heading angle of the controlled

Look-ahead |

Current position
E

>

(a) The preview deviation angle
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(b) Lateral tracking control
Fig.1 Schematic diagram of lateral dynamics analysis
object, I is the heading angle of the tracked vehicle, L
is the preview distance, L, is the vertical distance, A, is
the angle deviation. Denote the included angle between
the vehicle movement direction and this line as ¢, and
define this included angle as PDY. It is specified that

the Look-ahead point is negative when it is on the left of

the autonomous vehicle, and positive when it is on the

right"*).
Equation (1) can be got from Figure 1:
X
ZarctanT—Ad (1)

Considering the actual situation, the controlled ob-
ject can be expressed as the following nonlinear sys-

tem[ 10] H

vk + 1) = flu(k),u(k =n,), q(k),-q(k =n) ],

(2)
where, ¢(k) is denote as steering wheel angle; f(--+) is
an unknown system; n, ,n, represent the order of system
input and output.

Assume that the position coordinate of the current
autonomous vehicle is (x* ,y" ), and the position coor-
dinate of the Look-ahead point is (x*,y" ), denote dx=
x—x" ,dy=y—y". In order to prevent dy=0 causing the
algorithm to fail to run, a very small positive number ¢ is

used to calculate the PDY .
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Sy [arctan(dx/dy) — 9],
ifde =0, dy > ¢
Sy Larctan(dx/dy) — 9],
ifde <0, dy > ¢
fpi[arctan(dx/dy) +m-9],
ifde =0, dy <-4
Sylarctan(dx/dy) — 7 = 9], ’
ifde<0,dy <-4

t(dx,dy,d) =

fu(m/2 =9),
ifde=0, ~¢y=sdysy
.fpi(qT/z _0>7

ifde <0, ~ ¢y sdy<y

(3)
where, ¥ is the starting coordinate direction. Denote the
due north direction is 0 radian; f; is a limiting function
to limit the monitored angle to the range of (— , ) .

/i can be described as:

-2, X >
[ (X)) =¥, T >X > —, (4)
+2m, X <—m

where X is the independent variable of function f,,(X) .
2.2 Controller design
2.2.1 Dynamic linearization

Through the previous dynamics analysis of autono-
mous vehicle, it can be determined that in the lateral
tracking problem, the goal is to control the PDY around
zero.

The lateral control system of autonomous vehicle can
be regarded as a time discrete nonlinear system of SI-
SO it can be expressed as formula (2).

Denote Q, (k) € R" composed of all control input
data at L moment, it can be got;

Q.(k)=[q(k),,q(k —&+1)]". (5)
Q.(k)=0, when k<0, £ is control input linearization
length.

Assumption 1; f(--+) has the continuous partial de-
rivatives from (n,+2) variable to (n +£+1) variable.

Assumption 2; For any k, #k,, k,, k, =0 and
Q.(k,) #0Q.(k,), system (2) satisfies the generalized
Lipschitz condition and it has: le(k,+1)—c(k,+1) || b

1 Qi) -0, (k) I and ¢(h41)=f [e(h,) - e (-
n,),q(k), - q(k=n,) ], j=1,2,-
and satisfied 6>0. Denote AQ,(k)=Q.(k)-Q.(k-1).

b is a constant

Lemma 1: For the nonlinear system satisfying As-
sumption 1 and Assumption 2, when & has constant value
and || AQ,(k) || #0, there has a vector named Pseudo
Gradient (PG) satisfied ¢, (k) e R", which make SI-
SO system can be converted into data model

Ak + 1) = g} () AQL(K) (6)
where ¢, , (k)= [¢,(k), -, $,(k)]" is bounded for
any k'

2.2.2 Control algorithm design
For the following criteria functions:
H(q(k))=[v (k+1) —u(k+1)]" +
Aq(k) —q(k-1)]%, (7)
where A is a weighting factor and A>0 .

Take equation (6) into equation (7), take the de-

rivative of q(k) , then make it equal to 0, it can be ob-

tained ;

(k) =q(k-1) +p|¢1<k)[b*(k +1) — (k)] ~

A+ (k) P
¢
b, (k) X o (k) Aq(k —j + 1)
; : (8)
A+ (k)|

where, +" (k+1) is the desired PDY at k+1 moment; p;
is the step factor and p, € (0,1],(j=1,2,---,¢) .

Because the true value of PG in the controller can-
not be obtained, this paper uses a projection algorithm to
estimate PG as follow:

HL$p (k)] =l «(k) — (k= 1) = ¢y (k)

DOk = 1) 17 + |y (k) =gpy (k= 1) 1%,
(9)

where w is the weighting factor and w>0.

Equation (9) finds the extreme value of ¢, (k) to

obtain the PG estimation algorithm
Bre(h) = by (k= 1) +
7AQ.(k = D[u(k) = u(k = 1) =}k = DAQ(k = 1)]
wt 180k - 1) |2

’

(10)
where, ne€ (0,2); (;'Ifg is the estimated value of ¢T,v§;
In order to make the PG have strong ability of time-var-
ying parameter tracking, a reset algorithm is used:

bp (k) =y (1)
if ey (k)| scor [[AQ,(k-1) [ <&
(11)
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where & is a minimal positive number.

Considering the existence of data dropout in actual
engineering practice, due to the interference of various
unstable factors inside and outside the system, the data
monitored by the sensor may not match the actual situa-
tion or the data loss may cause the controller to fail to fol-
low the expected target to work!"”'. In order to deal with
this situation, this paper makes the following improve-
ments to the PFDL-MFAC algorithm when data dropout
oceurs ;

v(k), sign(k) =1

Oxu(k-1)+(1-0)
[e(k=1) + ¢y (k=1) ~
AQ,(k -1)), sign(k) =0

where, sign(k) € [0,1] is a binary variable, which is

L(k) = (12)

used to monitor whether the data obtained by the sensor
of the system is abnormal; (2 as a scale factor satisfied
0e(0,1); (k) is the data monitored during normal
sensor operation; ¢ (k) is the output after determining

whether data dropout has occurred. When data is lost,

v(k), sien(k) =1
L) (k) , sign(k)

make sign( k)= 0, use the compensated data to control
the system. When the sensor operates normally, make
sign(k)= 1, the actual monitored data is used to control
the controlled object.

The operation flow chart is shown in Figure 2.

Monitoring input
and output data

|
I i |

Update data Update set Update data

Data packet loss or no

Used data from the
past to estimate

L 7

Fig.2 Data dropout algorithm operation

To sum up, take ¢(k+1) to replace t(k+1) in con-
trol algorithm (8) and (10), and obtain SISO partial
form DC-EMFAC algorithm

T2 x ik =1) + (1 =@ [e(h=1) + b (k- 1)AQ(k - 1)], sign(k) =0

| MAQ,(k = k) ~ ik - 1) ¢! (k- 1)AQ,(k - 1) ]

‘%P,g(lo = ‘Abp,,g(k -1)

pt [ AQ (k- 1) |
B ()= (1), if [ (k) | <eor [AQ(k-1) | <e

prd (k)[u"(k+1) = (k)]

(13)

3
¢, (k) ;pj¢j(k>Aq<k -j+1)

q(k)=q(k = 1) +

A+l (k) |7

A+ (k) [?

The structure diagram of the controller is as follows Figure 3.

nternal |

! External
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* l kk ----------- w ------------ v
1 (k+1) OAl(kH) MFAC Aq (k) q (k) Q 1 (k)
> > >
- +
E Data
q k-1 ~77 7| compensation
[
1 (k)
. Pseudo gradient
@ (k) estimate

Fig.3 Controller structure diagram
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3 Simulation analysis

This chapter conducts a series of simulations on the
Panosim platform to verify the availability of the DC-EM-
FAC algorithm and the practicability of the algorithm in
the lateral tracking and data loss control of autonomous

16 The output data were used to draw and an-

vehicle
alyze in MTALAB2018b. The vehicle and path informa-
tion in Panosim is shown in Figure 4. Firstly, through de-
bugging the parameters, the control effects of the algorithms
with different parameters are compared and the optimal pa-
rameters are found. Secondly, the DC-EMFAC algorithm
and the PFDL-MAFC algorithm are simulated under differ-
ent data loss rates, and the control effects of the algorithm
are verified. Finally, the applicability of the proposed algo-

rithm in different situations was verified through compara-

tive experiments of different longitudinal speeds.

Controlled
object

(b) Vehicle movement path
Fig.4 Panosim simulation information

3.1 Different weighting factor A impact on algo-
rithm performance

For the DC-EMFAC controller, its weight factor A
has a huge impact on the performance of the algorithm,
in order to ensure that the optimal weight factor can be
found, a series of simulation have been carried out. The
data dropout rate in this section is set to 2%. See Table
1 for parameter selection. Since only considers the lateral

tracking of vehicles, the longitudinal speed is always

maintained at 20 km/h and £2=0. 2.
Simulate according to different parameters selected
in Table 1, and collect the output data of the autonomous

vehicle, and get the image as shown in Figure 5.

Table 1 Different weighting factors A selection

n I i A £
p1=1,p,=0.6,

Scenario 1 1 0.1 0.1 4
p3=0.4,p,=0.2
pi=1,p,=0.6,

Scenario 2 1 0.1 1 4
p3=0.4,p,=0.2
p1=1,p,=0.6,

Scenario 3 1 0.1 10 4

p3=0.4,p,=0.2
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(a) Different A impact on algorithm tracking performance
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(b) Autonomous vehicle movement path

Fig.5 Simulations data

Through the analysis of Figure 5 and Table 2, it can
be found that the response time will be faster when A de-
creases (A=0.1 ), but there is a large error with the
desired goal, the tracking effect of the desired output be-
comes worse. With the increase of A (A =10 ), the ad-
justment time of the system becomes longer. When A =1
the system can track the desired output in a relatively fast
time with a low error. In this simulation, A =1 is the

best case.
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Table 2 Root-mean-square-errors of PDY

Table 3 Parameter selection

A Root-mean-square-errors L/ P; A I3
Scenario 1 0.1 0.0419 DCEMEAC U od p=1,p,=0.6, . A
Scenario 2 1 0.0180 . py=0.4, p,=0.2
Scenario 3 10 0.034 5
. . . . p=1,p,=0.6,
3.2 Comparative simulation of different control al- PFDL-MFAC 1 0.1 0.01 4

gorithms with different data dropout rates
DC-EMFAC algorithm and PFDL-MFAC algorithm
are compared under different data loss rates. The rele-

vant parameters are shown in Table 3.

p3=0.4,p,=0.2

For different data dropout rates, the simulation re-

sults using the above data are as follows Figure 6, Figure

7, Table 4.

DC-EMFAC
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o, -
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Fig.6 Control effect under data dropout of different algorithms
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Fig.7 Autonomous vehicle movement path of different algorithms

Table 4 Root-mean-square-errors of PDY in

different algorithm

Data dropout rate Root-mean-square- Root-mean-square-

(%) errors of DC-EMFAC errors of PFDL-MFAC
0.1 0.172 8 0.1832

1 0.172 9 0.204 9

2 0.172 0 0.332 4

Through the analysis of the above data, the PFDL-

MFAC algorithm cannot stably track the desired path in
data dropout, and the error graduQOally increases as the
data loss rate increases. DC-EMFAC algorithm can effec-
tively predict the system state, the control effect does not
deteriorate significantly, and the effect is very ideal.
3.3 Different longitudinal speed impact on algo-
rithm performance

Considering that changes in vehicle longitudinal

speed can also affect the effectiveness of lateral path
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tracking, three sets of lateral tracking comparative exper-
iments with different speeds will be conducted to simulate
and verify the proposed algorithm with a data packet loss
rate of 1%.

The experimental plan is shown in Table 5, and the
experimental results are shown in Figure 8. Through
analysis, it is not difficult to find that as the longitudinal
velocity increases, the system error gradually increases,
but it can still track the desired path well.

Table 5 Different longitudinal speeds

Parameter Speed
Scenario 1 20 km/h
n=1,p=0.1, A=1,
Scenario 2 30 km/h
p;=[1,0.4,0.6,0.2], £=4
Scenario 3 40 km/h
350 - 20km/h
====30 km/h
30r — 40km/h | .
5 — Desire perview-deviation-yaw
?“{ 25+
g 20k Local magnification
g 020 P X
= b AY A
g1s 0 -.;{},.t#-,
z g -0.2
= 10 7000 7500
205 L\
i " : Y
) S MR e ey
05 1 1 1 1 |
(] 2000 4000 6 000 8000 10000
£(0.001 s)
(a) Different longitudinal speeds impact of PDY
350r- - =20 km/h
= ik
300 — Desire poth
250 Local magnification
41.6
200
e 414
150
- 41.2
100 - 300 300.5 301\4
50 1
1 1 1 1
0 100 200 300 400 500

X (m)
(b) Autonomous vehicle movement path

Fig.8 Simulations data

4 Conclusion

This paper proposed a DC-EMFAC algorithm to
solve the lateral path tracking control problem of autono-
mous vehicle under data dropout. This algorithm is a da-
ta-driven control method which does not require modeling
the system, and use the time-varying factor of PG, which

greatly optimizes the selection of parameters in the con-

trol algorithm. To address the issue of data loss, the
missing data is compensated and incorporated into the
design of the controller, ensuring the system’ s normal
operation during these scenarios. The feasibility of DC-
EMFAC is verified by simulation conducted jointly in
Panosim and MATLAB2018b.
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